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Abstract. The Operational Land Imager (OLI) is a multispectral radiometer hosted on the
recently launched Landsat8 satellite. OLI includes a suite of relatively narrow spectral bands
at 30 m spatial resolution in the visible to shortwave infrared, which makes it a potential
tool for ocean color radiometry: measurement of the reflected spectral radiance upwelling
from beneath the ocean surface that carries information on the biogeochemical constituents
of the upper ocean euphotic zone. To evaluate the potential of OLI to measure ocean color,
processing support was implemented in Sea-viewing Wide Field-of-View Sensor (SeaWiFS)
Data Analysis System (SeaDAS), which is an open-source software package distributed by
NASA for processing, analysis, and display of ocean remote sensing measurements from a vari-
ety of spaceborne multispectral radiometers. Here we describe the implementation of OLI
processing capabilities within SeaDAS, including support for various methods of atmospheric
correction to remove the effects of atmospheric scattering and absorption and retrieve the spectral
remote sensing reflectance (Rrs; sr−1). The quality of the retrieved Rrs imagery will be assessed,
as will the derived water column constituents, such as the concentration of the phytoplankton
pigment chlorophyll a. © The Authors. Published by SPIE under a Creative Commons Attribution 3.0
Unported License. Distribution or reproduction of this work in whole or in part requires full attribution of
the original publication, including its DOI. [DOI: 10.1117/1.JRS.9.096070]
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1 Introduction
We define ocean color as the spectral distribution of reflected visible solar radiation upwelling
from beneath the ocean surface. Variations in this water-leaving remote sensing reflectance dis-
tribution, RrsðλÞ, the ratio of radiance emerging from beneath the ocean surface to the solar
irradiance reaching the ocean surface, are governed by the optically active biological and chemi-
cal constituents of the upper ocean through their absorption and scattering properties. A primary
driver for variations in ocean color is the concentration of the phytoplankton pigment chlorophyll
a (Ca; mgm−3), and bio-optical algorithms have been developed that relate measurements of
RrsðλÞ to Ca that provide a proxy for phytoplankton biomass.1 As marine phytoplankton account
for roughly half the net primary productivity on Earth,2 ocean color measurements are critical to
our understanding of planetary health and the global carbon cycle. Other bio-optical and bio-
geochemical properties that can be inferred from RrsðλÞ include spectral absorption by colored
dissolved organic matter (CDOM), concentrations of total suspended sediments, measurements
of water clarity, such as marine diffuse attenuation coefficient and euphotic depth, and the pres-
ence of harmful algal blooms. Ocean color, thus, also provides a valuable tool for monitoring
water quality and changes in the marine environment that can directly impact human health and
commerce, especially in coastal areas and near lakes and inland waterways, where much of the
human population resides.
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Landsat-8 was launched into a sun-synchronous polar orbit on February 11, 2013, carrying
with it the Operational Land Imager3 (OLI, Table 1). Prelaunch simulations based on radiometric
performance specifications demonstrated that the sensor, while primarily designed for land
applications, has the potential to provide useful measurements of aquatic environments, includ-
ing the separation and quantification of Ca, CDOM, and suspended sediments in the water col-
umn.4,5 A significant advantage of OLI over existing global ocean color capable missions is the
30 m spatial resolution, which is more than an order of magnitude higher than NASA’s Moderate
Resolution Imaging Spectroradiometer6 (MODIS) currently operating from the Aqua spacecraft
(MODISA) and the Sea-viewing Wide Field-of-View Sensor7 (SeaWiFS) that operated from
1997 to 2010. Increased spatial resolution is of particular benefit in studying heterogeneous
coastal and inland waters, where the typical 1 km resolution of existing global sensors cannot
resolve the fine spatial structure of the water constituents or separate water from land near coasts
and in narrow rivers and bays. Thus, OLI on Landsat-8 has the potential to make a valuable
contribution to ocean color science and environmental monitoring capabilities for aquatic eco-
systems, especially in coastal environments and inland waters.
The measurement of ocean color from spaceborne instruments is challenging because the
water-leaving signal is only a small fraction of the total signal reflected by the Earth into the sensor
field of view. Approximately 90% of the visible radiation observed by Earth-viewing satellite sen-
sors is sunlight reflected by air molecules and aerosols in the atmosphere. The removal of this
atmospheric signal to retrieve RrsðλÞ is referred to as atmospheric correction. NASA’s Ocean
Biology Processing Group distributes a software package called the SeaWiFS Data Analysis
System (SeaDAS)8 that provides the research community with a standardized tool for the produc-
tion, display, and analysis of ocean color products from a host of Earth-viewing multispectral
radiometers. SeaDAS contains within it the multisensor level 1 to level 2 generator (l2gen) that
can read level 1 observed top-of-atmosphere (TOA) radiances from a variety of sensors, perform
the atmospheric correction process, and retrieve RrsðλÞ and various derived geophysical properties.
The l2gen code can be adapted to work with any sensor that has a sufficient set of spectral bands
covering the blue to green region of the visible spectrum (i.e., 400 to 600 nm), with at least two
bands in the near-infrared (NIR) to shortwave IR (SWIR) to support the atmospheric correction.
OLI has a sufficient set of spectral bands for ocean color retrievals (Table 2). Precise atmos-
pheric correction also requires that the radiometric performance (signal relative to noise) and
digital resolution (number of bits available to encode the observed radiance) are sufficiently
high to detect the relatively small water-leaving radiance signal above the sensor noise. In
the sections that follow, we assess the radiometric performance of the OLI instrument for
ocean color applications and detail the adaptation of l2gen in SeaDAS to support OLI atmos-
pheric correction. We also present results of an initial system-level vicarious calibration, where
match-ups to in situ radiometry are used to refine the RrsðλÞ retrieval performance of the com-
bined OLI instrument and atmospheric correction process. Finally, we show some results of
ocean color retrieval over the coastal and inland waters of Chesapeake Bay and compare
them with coincident MODISA retrievals and in situ measurements.
Table 1 Landsat-8 Operational Land Imager (OLI) mission
and sensor characteristics.
OLI start date March 8, 2013
Spatial resolution 30 m
Swath width 185 km
Eq. crossing time 10 a:m: 15 min
Repeat frequency 16 days
Native digitization 12 bit
Data availability Within 24 h
Data policy Free and open
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2 Data and Sensor Characteristics
OLI data are freely available for direct download or bulk ordering from the website of the U.S.
Geological Survey (USGS), which operates the Landsat-8 mission. The observed TOA radiances
(Level-1T) are provided in GeoTIFF format, with each spectral band in a separate file that has
been mapped to a common Universal Transverse Mercator (UTM) projection. The full suite
of spectral band files are packaged into a compressed tape archive (tar) file that also includes
a Landsat Metadata (MTL) file in text form containing scene-specific time and location
information.
OLI is a push-broom design with 14 separate detector assemblies aligned across the orbit
track to create a swath of ∼185 km width or ∼7000 pixels. The 14 detector assemblies alternate
between slightly forward-pointing and slightly aft-pointing, and the spectral bands are aligned
along track such that the amount of forward and aft pointing varies by band.9 The effect is that
each spectral band views the same point on the Earth at a slightly different time and with a
slightly different atmospheric path (characterized by sensor zenith and azimuth angles), and
the path angles alternate fore and aft across the swath. Cross-track variations in geolocation
and spectral band registration are effectively removed by mapping of the native observations
to a common UTM projection in the Level-1T product, but the TOA radiances retain character-
istics of their observational geometry that must be considered in ocean color retrieval.
Accurate atmospheric correction over the comparatively dark ocean requires precise knowl-
edge of the solar and viewing path geometry. For the bands of interest to ocean color, the spectral
variation in view zenith and azimuth angle is on the order of 0.2 deg and can be safely ignored, but
mean variation in solar and view zenith and azimuth across the swath must be known, and the fore
and aft variation between detector assemblies must be accounted for or significant along-track
banding artifacts due to atmospheric correction error will be evident in the RrsðλÞ retrievals. The
Level-1T data product does not include this additional geometry information, but USGS has devel-
oped software to estimate it for each scene pixel for each sensor band from information contained
in the scene MTL file. This USGS software has been incorporated into SeaDAS/l2gen to auto-
matically produce band-averaged solar and viewing geometry sufficient for ocean color retrieval.
Accurate atmospheric correction and RrsðλÞ retrieval also requires a sensor with sufficient
signal-to-noise ratio (SNR) over ocean waters to detect and differentiate the water-leaving signal.
For relatively clear, low-productivity waters typical of the open oceans, an inadequate SNR will
contribute to a large relative error in RrsðλÞ in the green and red spectral range, where pure water
absorption and minimal particle scattering contributions produce a comparatively small water-
leaving reflectance. In contrast, turbid coastal and inland waters with high sediment loads present
less of a challenge in the green and red due to the high particle scattering contributions, but for
these waters, a low SNR will often lead to a high relative error in Rrs(443) retrievals, as high
absorption by Ca and CDOM depresses the water-leaving signal in the blue. Finally, depending
on the atmospheric correction approach, low SNR in the NIR or SWIR channels can contribute
to noise and systematic bias across the visible spectral range, due to error in estimating the aero-
sol contribution to the observed signal.10
OLI is the most advanced radiometer ever flown on a Landsat platform, with SNRs roughly
an order of magnitude higher than the predecessor Enhanced Thematic Mapper Plus (ETMþ)
Table 2 Landsat-8 OLI spectral bands and signal-to-noise ratios (SNR).
Band 1 2 3 4 5 6 7
Nominal center (nm) 443 482 561 655 865 1609 2201
Width (nm) 16.0 60.1 57.4 37.5 28.2 84.7 186.7
Ltyp (W∕m2 μmsr) 69.8 55.3 27.5 13.4 4.06 0.353 0.0467
SNR at Ltyp (OLI) 344 478 279 144 67 30 14
SNR at Ltyp (ETM+) — 53 37 17 11 3 <1
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instrument of Landsat-7 and 12-bit rather than 8-bit digital resolution.11 The SNRs reported for
OLI or ETMþ, however, are based on radiances typical of land observations. To assess potential
OLI performance over oceans, the sensor noise model11 was applied to typical radiances (Ltyp)
interpolated from values reported in Ref. 10, which were themselves based on average radiances
observed by MODISA over ocean targets at ∼45 deg solar zenith angle. Using these Ltyps, the
derived OLI SNRs (Table 2) can be directly compared to those of SeaWiFS and MODISA, as
also reported in Ref. 10. In general, the OLI SNRs are lower than those of SeaWiFS or MODISA,
but visible-band SNRs are within 50% of SeaWiFS (specified or observed), and OLI SWIR-band
SNRs are equally similar to comparable MODISA SWIR bands. The biggest discrepancy is at
865 nm, where the OLI SNR of 67 is substantially lower than the SeaWiFS specification (287),
but is still within a factor of 3 of the observed SeaWiFS SNR.10 It should also be recognized that
OLI observations are at a much higher spatial resolution than SeaWiFS or MODIS, and spatial
averaging over a few pixels could significantly increase the SNRs, as demonstrated in Ref. 5.
Similar SNR results have been previously reported by Pahlevan et al., based on statistical analy-
sis of uniform OLI scenes over oceans.12 Given the SNR equivalency with successful heritage
ocean color sensors, the OLI radiometric performance appears sufficient for many ocean color
applications.
For context, the SNRs of ETMþ are also reported in Table 2 for equivalent spectral bands
using the same Ltyps and the high-gain noise model developed for the instrument.13 Results
confirm the significant advancement of the OLI radiometric performance over ETM+. The num-
bers also suggest that the NIR and SWIR bands of ETMþ are effectively unusable for the atmos-
pheric correction approach that we propose here for OLI, as noise in the NIR channel is
equivalent to 10% of the signal and noise in the longest SWIR spectral band actually exceeds
the typical radiance over oceans.
3 Processing Approach
3.1 Atmospheric Correction Algorithm
While l2gen supports a variety of atmospheric correction methods and variations,14–18 many
of which can be applied to OLI, the default approach described here follows the NASA
standard processing in use for all global ocean color missions. Namely, the TOA radiance
over water, LtðλÞ, is modeled as the sum of atmospheric, surface, and subsurface contri-
butions as
21LtðλÞ ¼ LrðλÞ þ LaðλÞ þ tðλÞLfðλÞ þ TðλÞLgðλÞ þ tðλÞLwðλÞ; (1)
where λ is a sensor spectral band wavelength, LrðλÞ is multiple scattering by air molecules
in the absence of aerosols (Rayleigh scattering), LaðλÞ includes multiple scattering from
aerosols in the absence of Rayleigh as well as Rayleigh–aerosol interactions, tðλÞ and
TðλÞ are diffuse and direct atmospheric transmittance from surface to sensor, LfðλÞ is
the contribution from whitecaps and foam on the surface that is diffusely transmitted to
the TOA, LgðλÞ is the specular reflection (glint) from the surface that is directly transmitted
to the sensor field of view, and LwðλÞ is the water-leaving radiance that is diffusely trans-
mitted to the TOA. All terms are dependent on the viewing and solar path geometries.
Gaseous transmittance terms are not shown for clarity, but atmospheric transmittance losses
due to ozone and NO2 are also considered.
The TOA radiances collected by OLI are measured over the full spectral band-pass of each
sensor band, thus all terms on the right-hand side of Eq. (1) must be modeled or derived for the
sensor-specific spectral response functions (SRFs). OLI spectral response functions were
obtained from Ref. 19. The Rayleigh scattering term, which is the dominant contribution
over the visible spectral regime, is determined from precomputed look-up tables (LUT) of
Rayleigh reflectance that were derived through vector radiative transfer simulations spanning
a wide range of realistic solar and viewing geometries.14 The OLI SRFs were used to derive
band-pass-integrated solar irradiances (F0), Rayleigh optical thicknesses (τr) and depolarization
factors (Dp, Table 3), where solar irradiance is taken from Ref. 20 and hyperspectral Rayleigh
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optical thickness was computed using the model of Bodhaine et al.,21 and assuming a standard
pressure of 1013.25 mb, temperature of 288.15 K, and CO2 concentration of 360 ppm. The band-
integrated optical thicknesses and depolarization factors were then used in the radiative transfer
simulations to derive the OLI sensor-specific Rayleigh reflectance tables for a wind-roughened
ocean surface, including effects of multiple scattering and polarization. In application, the
Rayleigh reflectances retrieved from the LUT are selected based on geometry and wind
speed and then adjusted to account for changes in surface pressure,22 including the effect of
terrain height as needed to support retrievals over inland lakes and rivers. The glint23 and white-
cap24,25 contributions are modeled from knowledge of the environmental conditions (pressure,
wind speed) and the sensor SRFs.
The primary unknowns in Eq. (1) are the water-leaving radiances that we wish to retrieve and
the aerosol radiance, which is highly variable and must be inferred from the observations. The
estimation of aerosol radiance follows the method of Gordon and Wang,15 with updated aerosol
models and the selection approach described in Ref. 14. This approach uses a pair of bands in the
NIR or SWIR, where water is highly absorbing, thus water-leaving radiance is negligible or can be
accurately estimated,16 allowing aerosol radiance to be directly retrieved. The spectral slope in
measured aerosol radiance between the two NIR-SWIR bands is used to select the aerosol
type from a set of precomputed aerosol models,14 where the aerosol models were derived from
vector radiative transfer simulations specific to the OLI spectral band centers (Table 2), and include
effects of multiscattering by aerosols as well as Rayleigh–aerosol interactions. The retrieved aero-
sol model is then used to extrapolate the measured aerosol radiance into the visible spectral regime.
In practice, any pair of bands can be used in the aerosol model selection process, with the
only requirement being that the water-leaving radiance signal can be considered negligible or
known. Using our initial SeaDAS implementation, Vanhellemont et al.26 explored several com-
binations of OLI bands 5, 6, and 7 in the NIR and SWIR with comparable results. For this
analysis, we chose to use the combination of OLI bands 5 and 7 (865 and 2201 nm, respectively),
with any non-negligible water-leaving radiance derived using the iterative bio-optical modeling
approach of Bailey et al.16 This choice takes advantage of the longest SWIR wavelength, where
water absorption is strongest, to help separate the radiometric contribution of in-water sediments
from aerosol contributions, while using the higher SNR and spectral separation of the NIR chan-
nel to determine aerosol type.
With LaðλÞ known at all spectral bands, the water-leaving radiance can be computed as in
Eq. (2) and then normalized to derive the water-leaving reflectance as in Eqs. (3) and (4), where
EdðλÞ is the down-welling solar irradiance just above the sea surface, t0ðλÞ is the atmospheric
diffuse transmittance from Sun to surface, F0ðλÞ is the mean extraterrestrial solar irradiance
averaged over the OLI SRF, f0ðλÞ is the Earth–Sun distance correction for the time of the obser-
vation, and θ0 is the solar zenith angle. Finally, BðλÞ is a bidirectional reflectance correction to
account for effects of inhomogeneity of the subsurface light field and reflection and refraction
through the air–sea and sea–air interface.27
tðλÞLwðλÞ ¼ LtðλÞ − ½LrðλÞ þ LaðλÞ þ tðλÞLfðλÞ þ TðλÞLgðλÞ; (2)
RrsðλÞ ¼ LwðλÞ∕EdðλÞ∕BðλÞ; (3)
Table 3 Landsat-8 OLI band-averaged atmospheric coefficients.
Band 1 2 3 4 5 6 7
F 0 (W∕m2 μm) 1896.52 2003.96 1820.79 1550.38 950.63 247.55 85.46
τr (Rayleigh) 2.352E-01 1.685E-01 9.020E-02 4.793E-02 1.551E-02 1.284E-03 3.697E-04
Dp (Depolarization) 2.910E-02 2.874E-02 2.825E-02 2.792E-02 2.755E-02 2.724E-02 2.718E-02
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EdðλÞ ¼ t0ðλÞf0ðλÞF0ðλÞ cosðθ0Þ: (4)
To remove the effect of sensor-specific spectral response from RrsðλÞ, the full-band-pass
water-leaving radiances are adjusted to that for square 11-nm band-passes28 located at the nomi-
nal band centers (Table 2) using the model of Werdell et al.29 These nominal-band water-leaving
radiances are then converted to RrsðλÞ using nominal-center-band mean solar irradiances.30
3.2 Bio-Optical Algorithm
The retrieved RrsðλÞ at each visible sensor wavelength provide the basis for many derived geo-
physical product algorithms. The standard NASA algorithm for Ca is a three-band empirical
RrsðλÞ band ratio algorithm (OC3)1 that transitions to an empirical band-difference algorithm
(OCI)31 in clear waters. For OLI, the empirical coefficients were tuned using the NASA Bio-
Optical Marine Algorithm Dataset (NOMAD)32 to adjust for the difference in center wave-
lengths relative to past sensors. The Ca algorithm uses the 443-, 561-, and 655-nm bands
for the band difference and the 443-, 482-, and 561-nm bands for the band ratio. It should
be noted that NOMAD is the same dataset used to tune the MODIS and SeaWiFS Ca algo-
rithms, and that no OLI data or coincident in situ measurements were used in the algorithm
development.
3.3 Vicarious Calibration
Given the stringent accuracy requirements of satellite ocean color retrievals for both the instru-
ment calibration and the atmospheric correction algorithm, an additional vicarious calibration
was derived. This temporally independent but wavelength-specific calibration minimizes
residual bias and enhances spectral consistency of the sensor þ algorithm system under idealized
conditions.33 The primary vicarious calibration source for all NASA ocean color missions is the
marine optical buoy (MOBY)34 near Lanai, Hawaii, which has been continuously operated by
NOAA since 1996. A time-series of all OLI scenes covering the Lanai region was collected and
filtered to find cases of relatively clear, cloud-free atmospheric conditions and negligible Sun
glint. The full screening and averaging process is detailed in Ref. 33. Two scenes were found to
pass all screening criteria (Fig. 1), and vicarious calibration gains were derived for each
(Table 4). For this initial evaluation, the calibration of the atmospheric correction bands at
865 and 2201 nm was not altered.
The change in color between the two images in Fig. 1, which were collected about one
month apart, is due to the difference in solar geometry and a change in the aerosol conditions.
Notably, the vicarious calibration was highly consistent between the two scenes, suggesting
that the atmospheric modeling compensated well for the changes observed between the two
dates. The average vicarious gain in each band (Table 4) was implemented for all subsequent
processing.
4 Results and Discussion
The atmospheric correction approach discussed above and the vicarious calibration from Table 4
were applied to a series of OLI Level-1T scenes collected over the Chesapeake Bay region. Rrs
(443) and Rrs(561) retrievals from a partial OLI scene on September 5, 2013, focusing on the
mouth of the Bay from Cape Charles to Virginia Beach and the inlets of the James, York, and
Rappahannock Rivers, show good agreement with coincident Rrs(443) and Rrs(547) retrievals
from MODISA (Fig. 2). The MODISA data were collected on the same day and processed with
the same atmospheric correction approach, but using the sensor-specific spectral response func-
tions and a sensor-specific vicarious calibration. Also evident in this comparison is the enhanced
information content that 30 m spatial resolution provides relative to the >1 km resolution of
MODIS, allowing observations closer to the coasts and further into rivers and bays, and better
resolving the spatial variability of optically active constituents within the water bodies.
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The RrsðλÞ retrievals from OLI were applied to the empirical Ca algorithm and compared
with the equivalent product from MODISA (Fig. 3). In general, OLI Ca retrievals for this day
over the main stem of the lower Chesapeake Bay region are lower than those retrieved from
MODISA. Assuming MODISA is correct, this would suggest that the Rrs(443) or Rrs(482)
retrievals are too high relative to Rrs(561), i.e., the spectral dependence is biased toward the
blue, which may be due to uncertainty in the vicarious calibration or error in the aerosol retrieval.
Unfortunately, there is also considerable uncertainty in the MODISA instrument calibration in
the latter period of the mission,35 so interpretation of this result as error in the OLI retrieval
should be made with caution.
The spatial detail of the OLI ocean color retrievals is well illustrated in Fig. 4, where the red,
green, and blue RrsðλÞ products at 655, 561, and 443 nm, respectively, have been combined into
a quasi true-color image. This image, collected on February 28, 2014, shows striking detail of the
presence of suspended sediments and other optically active biogeochemical constituents around
coastal landforms and where rivers enter the Bay. Sediment plumes, for example, are clearly
evident offshore of the Potomac and Rappahannock Rivers despite February 2014 being an aver-
age year with regard to streamflow36 and free of any notable winter storms. The barrier islands
between Hills Bay and Winter Harbor (between the Rappahannock and York Rivers) show sig-
nificant suspended sediment loads, likely either from advective oceanward transport from the
Rappahannock River or from wind-driven resuspension. Likewise, some of the shallowest areas
of Chesapeake Bay, e.g., east of Smith and Tangier Islands, show substantial (re)suspended
Fig. 1 Operational Land Imager (OLI) images over Lanai, Hawaii, on (a) January 9, 2014, and
(b) February 10, 2014, showing location of the NOAA marine optical buoy (MOBY). Colocated
data from MOBY and OLI on these dates were used in the OLI vicarious calibration.
Table 4 OLI vicarious calibration gains.
Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
Jan 09, 2014 1.01932 1.04007 1.00720 1.01239 1.0 0.94364 1.0
Feb 10, 2014 1.01771 1.04022 1.00734 1.01740 1.0 0.91266 1.0
Avg. gain 1.0185 1.0401 1.0073 1.0149 1.0 0.9282 1.0
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sediment loads. The high spatial resolution and relatively high SNR of OLI makes it possible to
resolve the spatial structure of these estuarine features.
To further demonstrate the advantage that OLI spatial resolution provides over MODIS,
Fig. 5 shows the same RrsðλÞ composite zoomed in to the mouth of the Potomac River,
with MODISA scan-pixel boundaries for the same day overlaid. The OLI images show fine
detail in ocean color that cannot be resolved by the larger MODIS pixels. OLI, thus, provides
an unprecedented opportunity to directly observe this MODIS subpixel variability in suspended
sediments and organic material, which can provide valuable insight into uncertainties in MODIS
ocean color retrievals37 and improved understanding of differences observed in validation match-
ups to localized in situ measurements.
RrsðλÞ composite images and Ca retrievals were generated for five scenes obtained over
Chesapeake Bay between September 2013 and April 2014 (Fig. 6). The general similarity
Fig. 2 Images of water-leaving reflectances, Rrs, for OLI bands at (a) 443 nm and
(b) 561 nm, retrieved over Chesapeake Bay on 5 September 2013, with MODIS Aqua retrievals
of (c) 443 nm and (d) 547 nm shown for comparison. The MODIS data was collected on the same
day, about 3 h later, and RrsðλÞ was retrieved using standard NASA ocean color processing in
SeaDAS.
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Fig. 3 Images of chlorophyll a concentration retrieved from OLI and MODIS Aqua over
Chesapeake Bay on September 5, 2013. The MODIS data were collected on the same day,
about 3 h later. The chlorophyll a concentration was retrieved using standard NASA ocean
color processing in SeaDAS.
Fig. 4 Three-band water-leaving reflectance, RrsðλÞ, composite image over the mouth of
Chesapeake Bay showing detailed distribution patterns of sediments and colored organic matter
that can be retrieved from OLI using standard NASA ocean color processing in SeaDAS. The
composite was generated using the red, green, and blue reflectances at 655, 561, and 443 nm,
respectively.
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of the ocean color images suggests good temporal stability of the OLI calibration and good
performance of the atmospheric correction algorithm over a wide range of solar geometries.
These five scenes represent all available relatively cloud-free, glint-free scenes of Chesapeake
Bay currently available from OLI, thus, Fig. 6 provides an indication of the frequency at which a
mid-latitude location may be monitored with OLI, considering cloudy days and the 16-day
repeat cycle of Landsat-8. Due to the solar and viewing path geometry, OLI observations
between late spring and early fall over mid-latitude oceans of the northern hemisphere are
heavily contaminated by specular reflection of the Sun by the sea surface. Our algorithm
attempts to remove this Sun glint contribution,23 but residual error in high glint conditions
(glint-favorable geometries) can dominate the subsurface signal and substantially degrade
RrsðλÞ retrieval quality, or cause the retrieval process to fail completely due to contamination
of the aerosol selection bands.
For a more quantitative assessment of OLI ocean color retrieval performance, the distribution
of Ca and RrsðλÞ over Chesapeake Bay was compared to same-day retrievals from MODISA.
Following Werdell et al.,38 data from the five scenes of Fig. 6 were geographically stratified into
lower and middle Bay regions to produce the regional frequency distributions of Fig. 7. Also
shown is the mean distribution from SeaWiFS over the mission lifespan (1997 to 2010), to pro-
vide additional context on expected range of values. Results show relatively good agreement
between OLI and MODISA RrsðλÞ distributions, especially in the green [i.e., Rrs(561) of
OLI compared with Rrs(547) of MODISA), and both sensors are in good agreement with
Fig. 5 Three-band water-leaving reflectance composite image from OLI at the location where
the Potomac River enters Chesapeake Bay. MODIS Aqua scan pixel boundaries for the same
date are overlaid to demonstrate the subpixel variability revealed by the higher spatial resolution
of OLI.
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the SeaWiFS mission mean. Agreement is not quite as good for the bluest band, with OLI Rrs
(443) being elevated relative to MODISA Rrs(443). This gives rise to a larger blue/green ratio
from OLI, and thus lower Ca retrievals relative to MODISA, as previously presented in Fig. 3.
These differences may simply be the result of uncertainty in the OLI vicarious calibration
derived from just two MOBY measurements, or the as yet uncorrected atmospheric correction
bands, but the discrepancy may also arise from error in MODISA retrievals due to degradation in
temporal calibration,35 or possibly contamination by stray light where the high contrast in the
NIR between dark water and adjacent bright land can lead to overestimation of aerosol contri-
butions and, thus, underestimation of Rrs(443) for MODISA.39 Instrumental stray light contami-
nation has been found to be minimal in OLI.11
The Ca values from OLI and MODISA in the middle Bay do straddle the range of
values measured over previous years by SeaWiFS, and the OLI retrievals of Ca in the lower
Bay are in very good agreement with expectation based on historical SeaWiFS retrievals.
Also shown in Fig. 7 is the distribution of in situ Ca measurements collected at regular
spatial and temporal sampling intervals over a 26-year period from 1984 to 2010,40 showing
that these OLI Ca retrievals fall within the range of values expected from historical field
observations.
Fig. 6 OLI true-color images, RrsðλÞ composite images, and chlorophyll a retrievals from all avail-
able clear scenes over Chesapeake Bay.
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5 Conclusions
While there is a long history of efforts to utilize earlier Landsat missions and associated sensors,
such as ETMþ on Landsat-7, for water quality assessment of coastal and inland waters,41,42 the
comparatively poor radiometric performance (demonstrated here by the much lower SNR of
ETMþ relative to OLI) has largely restricted these efforts to retrieval of suspended sediments
only, where high backscatter provides a sufficiently robust signal to compensate for sensor noise
and digitization error. These past efforts also generally relied on minimal atmospheric correction
or simplifying assumptions, such as attributing the Rayleigh-subtracted reflectance in the SWIR
as glintþ aerosol reflectance and removing this from the visible bands by assuming a flat spec-
tral dependence.42 Based on an analysis of the sensor signal to noise for typical ocean radiances,
and comparison with successful heritage ocean color sensors, we conclude that OLI has the
Fig. 7 Comparison of OLI, MODIS Aqua, and Sea-viewing Wide Field-of-View Sensor (SeaWiFS)
chlorophyll a and RrsðλÞ retrieval distributions in the middle and lower Chesapeake Bay, following
Ref. 38. OLI (red) and MODIS (blue) data were collected over the same five dates shown in Fig. 6.
SeaWiFS data (gray shaded) show the average over the mission lifetime (1997 to 2010). In situ
chlorophyll ameasurements shown in black were collected within the same region at regular spatial
and temporal sampling intervals over the period from 1984 to 2010 (Chesapeake Bay Program40).
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requisite spectral bands and sufficient radiometric performance to support the standard atmos-
pheric correction approach used for NASA’s global ocean color missions, including determina-
tion and removal of aerosol contributions based on realistic aerosol models and OLI observations
in the NIR and SWIR, and to enable the quantitative retrieval of water column constituents from
the derived spectral water-leaving reflectance distributions.
NASA’s standard atmospheric correction and ocean color retrieval algorithms, as originally
developed for SeaWiFS and MODIS, were modified to support the OLI data format and sensor
spectral characteristics, and an initial vicarious calibration was performed. Evaluation of OLI
ocean color retrieval over a time-series of Chesapeake Bay scenes demonstrated relatively good
agreement with other ocean color sensors and with historical field measurements in the region.
The observed agreement may further improve as instrument temporal calibration is refined and
additional MOBY measurements are incorporated to reduce uncertainty in the OLI vicarious
calibration, but these initial results demonstrate that OLI can be a valuable tool for ocean
color science and environmental monitoring applications.
We showed that a primary advantage of OLI over heritage global ocean color imagers, such
as MODIS, is the much higher spatial resolution that allows resolving the fine-scale distribution
of suspended sediments and bio-optical water constituents in coastal and estuarine environments.
A limitation of OLI for routine observation and monitoring of these dynamic regions is the nar-
row swath and relatively infrequent 16-day repeat cycle, coupled with observational losses due to
cloud cover and the confounding effects of Sun glint. Use of high spatial resolution OLI in
combination with the more frequent (one-to-two day) repeat cycle of existing wide-swath, mod-
erate-resolution global imagers can, thus, provide complementary observations to better under-
stand and monitor spatial and temporal ecosystem dynamics in nearshore environments, as well
as for understanding the inherent uncertainty in moderate-resolution sensors due to unresolved
subpixel variability.
The higher spatial resolution of OLI does lead to additional challenges relative to moderate-
resolution sensors. For example, our algorithm for Sun glint correction is based on a statistical
model developed by Cox and Munk,43 which provides the probability distribution function for
surface facets being oriented in the specular direction, parameterized as a function of wind speed.
The validity of this statistical relationship degrades as resolution increases and individual wave
orientations are resolved, as is the case for OLI. Alternative methods based on observed radi-
ometry have been investigated for higher spatial resolution sensors (see Ref. 44 for a review), and
we suggest that development of an improved glint correction approach for OLI should be a focus
of future work.
Another challenge for quantitative ocean color measurement in nearshore environments,
which has not been addressed here, is the adjacency effect wherein observations of dark
water pixels are contaminated by light reflected from adjacent bright land surfaces that is sub-
sequently scattered into the sensor field of view by the atmosphere.45–47 The adjacency effect
impacts both moderate and higher spatial resolution ocean color observations, as the influence of
land reflectance on water observations can extend over 20 km from the coast,46 but the impact
increases with proximity to the bright reflecting source, thus, it is a still greater concern for the
higher-resolution OLI observations that extend closer to the land/water boundary, and particu-
larly for observations in narrow rivers and small lakes that are surrounded by land. More work is
needed to assess the impact of atmospheric adjacency and develop a viable correction strategy to
mitigate this effect.
Support for atmospheric correction and ocean color product retrieval from OLI has now been
incorporated into l2gen, a component of NASA’s open-source SeaDAS software package that is
made freely available to the research and applications community for the processing, visualization,
and analysis of satellite radiometry from a host of ocean color capable sensors. In addition to the
processing algorithms described here, SeaDAS provides many alternative methods and variations
that are applicable to OLI, as well as a wide range of derived product algorithms beyond Ca. For
atmospheric correction, for example, use of alternate band pairs for aerosol selection, fixed aerosol
type based on in situ knowledge, and alternate methods for resolving the water-leaving radiance
contribution in the NIR to SWIR can now be evaluated.17,18 Additional products that can be derived
from the retrieved Rrs(λ) within SeaDAS include inherent optical properties (e.g., absorption coef-
ficient of phytoplankton and CDOM and particle backscattering coefficient) using various
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inversion models48–50 and measures of water clarity, such as marine diffuse attenuation and
euphotic depth.51 With OLI support now in SeaDAS (version 7.2), these and other applications
of OLI can now be operated to further explore the potential of the sensor for ocean color science
and aquatic ecosystem monitoring applications.
Acknowledgments
Operational Land Imager (OLI) Level-1T data were obtained from U.S. Geological Survey
(USGS), which has made all Landsat data freely available for this work and future research.
We thank the MOBY team of NOAA for providing the in situMOBY radiometry used in vicari-
ous calibration, and Christopher Proctor of the NASAOcean Biology Processing Group (OBPG)
for integration of the MOBY data to the OLI spectral bands. Thanks also to Donald Shea of
OBPG for l2gen/SeaDAS implementation support and to James Storey of USGS/SGT for pro-
viding software to derive the solar and viewing geometries for the OLI Level-1T scenes. Initial
software development was done in collaboration with Quinten Vanhellemont of the Royal
Belgian Institute of Natural Sciences (RBINS), who provided prototype code for reading the
Landsat-8 GeoTIFF format. Thanks also to Nima Pahlevan for valuable input and discussion
of OLI performance and design, and to the suggestions of two anonymous reviewers that con-
tributed to this work.
References
1. J. E. O'Reilly et al., “SeaWiFS postlaunch calibration and validation analyses part 3,”
National Aeronautics and Space Administration, Technical Memorandum 2000-206892,
Vol. 11, pp. 1–49 (2000).
2. M. J. Behrenfeld et al., “Biospheric primary production during an ENSO transition,”
Science 291(5513), 2594–2597 (2001).
3. J. R. Irons, J. L. Dwyer, and J. A. Barsi, “The next Landsat satellite: the Landsat Data
Continuity mission,” Remote Sens. Environ. 122, 11–21 (2012).
4. N. Pahlevan and J. R. Schott, “Leveraging EO-1 to evaluate capability of new generation of
Landsat sensors for coastal/inland water studies,” IEEE J. Sel. Topics Appl. Earth Obs.
Remote Sens. 6(2), 360–374 (2013).
5. A. D. Gerace, J. R. Schott, and R. Nevins, “Increased potential to monitor water quality in
the near-shore environment with Landsat’s next-generation satellite,” J. Appl. Remote Sens.
7(1), 073558 (2013).
6. W. E. Esaias et al., “An overview of MODIS capabilities for ocean science observations,”
IEEE Trans. Geosci. Remote Sens. 36(4), 1250–1265 (1998).
7. C. R. McClain, G. C. Feldman, and S. B. Hooker, “An overview of the SeaWiFS project and
strategies for producing a climate research quality global ocean bio-optical time series,”
Deep Sea Res. Part 2 Top. Stud. Oceanogr. 51(1–3), 5–42 (2004).
8. http://seadas.gsfc.nasa.gov/.
9. J. Storey, M. Choate, and K. Lee, “Landsat 8 Operational Land Imager on-orbit geometric
calibration and performance,” Remote Sens. 6(11), 11127–11152 (2014).
10. C. Hu et al., “Dynamic range and sensitivity requirements of satellite ocean color sensors:
learning from the past,” Appl. Opt. 51(25), 6045–6062 (2012).
11. R. Morfitt et al., “Landsat-8 Operational Land Imager (OLI) radiometric performance
on-orbit,” Remote Sens. 7(2), 2208–2237 (2015).
12. N. Pahlevan et al., “On-orbit radiometric characterization of OLI (Landsat-8) for applica-
tions in aquatic remote sensing,” Remote Sens. Environ. 154, 272–284 (2014).
13. P. L. Scaramuzza et al., “Landsat-7 ETMþ on-orbit reflective-band radiometric characteri-
zation,” IEEE Trans. Geosci. Remote Sens. 42(12), 2796–2809 (2004).
14. Z. Ahmad et al., “New aerosol models for the retrieval of aerosol optical thickness and
normalized water-leaving radiances from the SeaWiFS and MODIS sensors over coastal
regions and open oceans,” Appl. Opt. 49(29), 5545–5560 (2010).
15. H. R. Gordon and M. Wang, “Retrieval of water-leaving radiance and aerosol optical thick-
ness over the oceans with SeaWiFS: a preliminary algorithm,” Appl. Opt. 33(3), 443–452
(1994).
Franz et al.: Ocean color measurements with the Operational Land Imager on Landsat-8. . .
Journal of Applied Remote Sensing 096070-14 Vol. 9, 2015
Downloaded From: http://remotesensing.spiedigitallibrary.org/ on 03/25/2015 Terms of Use: http://spiedl.org/terms
16. S. W. Bailey, B. A. Franz, and P. J. Werdell, “Estimation of near-infrared water-leaving reflec-
tance for satellite ocean color data processing,” Opt. Express 18(7), 7521–7527 (2010).
17. M. Wang, S. Son, and W. Shi, “Evaluation of MODIS SWIR and NIR-SWIR atmospheric
correction algorithms using SeaBASS data,” Remote Sens. Environ. 113(3), 635–644
(2009).
18. K. G. Ruddick, F. Ovidio, and M. Rijkeboer, “Atmospheric correction of SeaWiFS imagery
for turbid coastal and inland waters,” Appl. Opt. 39(6), 897–912 (2000).
19. http://landsat.gsfc.nasa.gov/.
20. G. Thuillier et al., “The solar spectral irradiance from 200 to 2400 nm as measured by the
SOLSPEC spectrometer from the ATLAS and EURECA missions,” Sol. Phys. 214(1), 1–22
(2003).
21. B. A. Bodhaine et al., “On Rayleigh optical depth calculations,” J. Atmos. Ocean. Technol.
16(11), 1854–1861 (1999).
22. M. Wang, “A refinement for the Rayleigh radiance computation with variation of the atmos-
pheric pressure,” Int. J. Remote Sens. 26(24), 5651–5663 (2005).
23. M. Wang and S. W. Bailey, “Correction of Sun glint contamination on the SeaWiFS ocean
and atmosphere products,” Appl. Opt. 40(27), 4790–4798 (2001).
24. M. Stramska, “Observations of oceanic whitecaps in the north polar waters of the Atlantic,”
J. Geophys. Res. 108(C3), 1–10 (2003).
25. R. Frouin, M. Schwindling, and P.-Y. Deschamps, “Spectral reflectance of sea foam in
the visible and near-infrared: in situ measurements and remote sensing implications,”
J. Geophys. Res. 101(C6), 14361–14371 (1996).
26. Q. Vanhellemont et al., “Atmospheric correction of Landsat-8 imagery using SeaDAS,”
2014, http://www2.mumm.ac.be/downloads/publications/vanhellemont_2014_landsat_seadas_
web.pdf (28 February 2015).
27. A. Morel, D. Antoine, and B. Gentili, “Bidirectional reflectance of oceanic waters: account-
ing for Raman emission and varying particle scattering phase function,” Appl. Opt. 41(30),
6289–6306 (2002).
28. M. Wang et al., “Effects of spectral bandpass on SeaWiFS-retrieved near-surface optical
properties of the ocean,” Appl. Opt. 40(3), 343–351 (2001).
29. P. J. Werdell et al., “On-orbit vicarious calibration of ocean color sensors using an ocean
surface reflectance model,” Appl. Opt. 46(23), 5649–5666 (2007).
30. B. A. Franz et al., “Changes to the atmospheric correction algorithm and retrieval of oceanic
optical properties,” National Aeronautics and Space Administration, Technical
Memorandum 2003-206892, Vol. 22, pp. 29–33 (2003).
31. C. Hu, Z. Lee, and B. A. Franz, “Chlorophyll a algorithms for oligotrophic oceans: a novel
approach based on three-band reflectance difference,” J. Geophys. Res. 117(C1), 1–25 (2012).
32. P. J. Werdell and S. W. Bailey, “An improved in-situ bio-optical data set for ocean color
algorithm development and satellite data product validation,” Remote Sens. Environ. 98(1),
122–140 (2005).
33. B. A. Franz et al., “Sensor-independent approach to the vicarious calibration of satellite
ocean color radiometry,” Appl. Opt. 46(22), 5068–5082 (2007).
34. D. K. Clark et al., “Validation of atmospheric correction over the oceans,” J. Geophys. Res.
102(D14), 17209–17217 (1997).
35. B. A. Franz et al., “Global ocean phytoplankton in: state of the climate in 2013,” Bull. Am.
Meteorol. Soc. 95(7), S78–S80 (2014).
36. United States Geological Survey., “Estimated streamflow entering Chesapeake Bay,” 2014,
http://md.water.usgs.gov/waterdata/chesinflow/ (28 February 2015).
37. Q. Vanhellemont and K. Ruddick, “Turbid wakes associated with offshore wind turbines
observed with Landsat 8,” Remote Sens. Environ. 145, 105–115 (2014).
38. P. J. Werdell et al., “Regional and seasonal variability of chlorophyll-a in Chesapeake Bay as
observed by SeaWiFS and MODIS-Aqua,” Remote Sens. Environ. 113(6), 1319–1330
(2009).
39. G. Meister and C. R. McClain, “Point-spread function of the ocean color bands of the mod-
erate resolution imaging spectroradiometer on Aqua,” Appl. Opt. 49(32), 6276–6285
(2010).
Franz et al.: Ocean color measurements with the Operational Land Imager on Landsat-8. . .
Journal of Applied Remote Sensing 096070-15 Vol. 9, 2015
Downloaded From: http://remotesensing.spiedigitallibrary.org/ on 03/25/2015 Terms of Use: http://spiedl.org/terms
40. M. Olson, M. Malone, and M. E. Ley, “Guide to using Chesapeake Bay program water
quality monitoring data,” TRS 903-R-12-001(304-12), pp. 1–159, United States
Environmental Protection Agency, Annapolis, Maryland (2012).
41. L. Mertes, M. Smith, and J. Adams, “Estimating suspended sediment concentrations in sur-
face waters of the Amazon River wetlands from Landsat images,” Remote Sens. Environ.
43(3), 281–301 (1993).
42. J.-J. Wang et al., “Retrieval of suspended sediment concentrations in large turbid rivers
using Landsat ETM+: an example from the Yangtze River, China,” Earth Surf.
Processes Landforms 34(8), 1082–1092 (2009).
43. C. Cox and W. Munk, “Measurement of the roughness of the sea surface from photographs
of the Sun’s glitter,” J. Opt. Soc. Am. 44(11), 838–850 (1954).
44. S. Kay, J. D. Hedley, and S. Lavender, “Sun glint correction of high and low spatial
resolution images of aquatic scenes: a review of methods for visible and near-infrared
wavelengths,” Remote Sens. 1(4), 697–730 (2009).
45. R. Santer and C. Schmechtig, “Adjacency effects on water surfaces: primary scattering
approximation and sensitivity study,” Appl. Opt. 39(3), 361–375 (2000).
46. R. J. Frouin, P.-Y. Deschamps, and F. Steinmetz, “Environmental effects in ocean color
remote sensing,” Proc. SPIE 7459, 745906 (2009).
47. B. Bulgarelli, V. Kiselev, and G. Zibordi, “Simulation and analysis of adjacency effects in
coastal waters: a case study,” Appl. Opt. 53(8), 1523–1545 (2014).
48. P. J. Werdell et al., “Retrieving marine inherent optical properties from satellites using
temperature and salinity-dependent backscattering by seawater,” Opt. Express 21(26),
32611–32622 (2013).
49. S. Maritorena, D. A. Siegel, and A. R. Peterson, “Optimization of a semianalytical ocean
color model for global-scale applications,” Appl. Opt. 41(15), 2705–2714 (2002).
50. Z. Lee, K. L. Carder, and R. A. Arnone, “Deriving inherent optical properties from water
color: a multiband quasi-analytical algorithm for optically deep waters,” Appl. Opt. 41(27),
5755–5772 (2002).
51. Z. Lee et al., “Euphotic zone depth: its derivation and implication to ocean-color remote
sensing,” J. Geophys. Res. Oceans 112(C3), 1–11 (2007).
Biographies of the authors are not available.
Franz et al.: Ocean color measurements with the Operational Land Imager on Landsat-8. . .
Journal of Applied Remote Sensing 096070-16 Vol. 9, 2015
Downloaded From: http://remotesensing.spiedigitallibrary.org/ on 03/25/2015 Terms of Use: http://spiedl.org/terms
